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Introduction
Environmental factors such as diet play a major role in disease development. Traditionally, associations of single nutrients with disease risk have been studied for example increased saturated fat intake or vitamin D deficiency being associated with increased incident of cardiovascular disease (CVD) [1, 2] . However, individuals consume complex combinations of foods in different patterns with macronutrient, micronutrient and non-nutrient component interactions, therefore this single nutrient approach can fail to account for the complex interactions between nutrients within a meal [3, 4] . Therefore it is often difficult to separate out the specific effects of nutrients and the search for associations between single nutrients and disease may be problematic and confusing [5, 6] . In more recent years, classification of subjects into dietary patterns has emerged as a useful tool in nutritional epidemiology [7, 8] .
The shift in focus to dietary patterns facilitates a more comprehensive relationship between nutrition and disease risk and also addresses issues of collinearity of nutrient intake and nutrient interactions [3] . Numerous studies have reported the beneficial effects of the DASH and Mediterranean diets on reducing blood pressure, preventing the risk of hypertension and reducing mortality in individuals with CVD [9] [10] [11] [12] , cancer [13, 14] and features of metabolic syndrome [15, 16] . The two most common types of dietary patterns that emerge from the literature are a healthy/prudent dietary pattern and an unhealthy/western dietary pattern, the healthy/prudent diet being associated with a reduced risk or lower incidence of disease compared to the western/unhealthy dietary patterns [17] [18] [19] [20] .
Approaches used to derive patterns from dietary data are based on a-priori criteria or aposteriori statistical method. The a-priori approach is based on the use of dietary indices that aim to capture pre-defined healthy patterns, for example the Mediterranean Diet Score, designed to estimate adherence to the Greek variant of the Mediterranean diet [21, 22] .
However, this approach focuses on specific features of diet, not accounting for the correlation structure of food and nutrient intakes and consequently, such scores do not reflect the overall effect of diet in general [23] . In contrast, for the a-posteriori multivariate statistical analysis (for example principal component analysis (PCA) and cluster analysis) is applied to the collected dietary information grouping individuals, within a population, who have similar dietary intake patterns. This approach ignores prior knowledge and takes into account many aspects of the diet rather than focusing on a few hypothesized key food groups [24] .
However, both approaches rely on traditional methods of dietary assessment which are inherent with reporting bias and therefore may not provide an accurate estimate of food intake [25] . Biofluids such as saliva, urine and blood are potential rich sources of unbiased information about dietary behavior and the metabolic state of an individual. Therefore, in recent years, dietary biomarkers have been suggested as an unbiased objective measure of dietary intake [26, 27] .
The application of metabolomics has emerged as a useful tool in the identification of biomarkers, however, to date, the use of metabolomic techniques in identifying biomarkers has focused largely on single foods [28] [29] [30] . An alternative approach has emerged whereby patterns of dietary intake are related to metabolomic profiles and the subsequent emergence of the term nutritype [31] . Nutritype refers to the classification of an individual into a dietary pattern based on their metabolomic profile. Assessment of metabolomic profiles and dietary intake has previously been described where urinary metabolomic profiles could be differentiated and characterized with respect to dietary group intake [31] [32] [33] [34] . Although these studies provide good evidence for the link between habitual dietary patterns and metabolomic profiles, self-reporting dietary data is initially used to classify participants into the dietary patterns. Ideally one would like to be able to perform dietary pattern classification without the need for self-reported data. Therefore, the objective of the present study was to develop a model that allows classification of individuals into a dietary pattern based on metabolomic profiles.
Materials and Methods

Sample population; identification of metabolomic profiles
Data from the National Adult Nutritional Survey (NANS) was used in this analysis. A detailed description of the methodology used in the NANS has been reported elsewhere [35, 36] . A brief outline is described; 1500 free-living adults aged 18 and over, representative of adults living in the Republic of Ireland with respect to age, gender, social class and urban/rural location were selected to participate in the survey. All eligible participants gave written consent according to the Helsinki declaration. For the present study 600 subjects were randomly selected ensuring equal number of males and females. Thirty three participants were excluded due to high ethanol and acetaminophen peaks therefore data was available for 567 participants. Ethical approval was obtained from University College Cork Clinical
Research Ethics Committee of the Cork Teaching Hospitals (ECM 3 (p) 4 September 2008)
and recruitment began in May 2008.
Dietary data collection, biofluid collection and anthropometry
Dietary data for the NANS participants was collected using four day semi-weighed food diaries. Participants were provided with digital scales and asked to weigh and record as many food items as possible that were consumed. Information regarding the cooking methods, brand names and recipes was also recorded. To guarantee accurate recording of dietary intake, a researcher visited participants in their homes or workplaces three times during the recording period. A quantification protocol established by the Irish Universities Nutrition Alliance (IUNA) for a previous survey [37] was updated for the NANS. Food intake data were analyzed using WISP© (Tinuviel Software, Anglesey, UK) which uses data from, McCance and Widdowsons's, The Composition of Foods, the fifth and sixth editions plus all nine supplemental volumes to generate nutrient intake. The food data was subsequently reduced into 68 food groups and for the purpose of this analysis was further aggregated into 33 food groups as previously defined [38] . Food groups were expressed as a percentage of energy intake using the mean proportion at the individual level [39] . When the dietary recording period had ended, participants provided a 50 ml first void urine sample. Samples were kept on ice during transport to the lab for processing and stored at -80ºC for analysis.
Participants in the present study also provided a fasting blood sample. Collection and processing of blood samples has previously been described [38, 40] .
Anthropometric measurements were also taken by the researcher in the participant's home and included weight (kg), height (m) and body composition. Height was measured with the head positioned in the Frankfurt Plane. Weight and body composition were measured using a Tanita body composition analyzer BC-420MA (Tanita Ltd, GB). All measurements were performed in duplicate. Blood pressure was also measured by the researcher in triplicate using the OMRON M6 comfort blood pressure monitor.
Validation study; The NutriTech food intake study
Participants from the NutriTech food intake study were used to investigate the ability of the model to classify people into different dietary patterns. The NutriTech food intake study aimed to investigate the use of metabolomic profiling as a method of independent food quantification. This study involved 50 participants being randomly assigned to one of five different diet groups; red meat, fish, poultry, processed meat or a supplement and vegetarian option (Supporting Information Table S1 ). Eligibility criteria included males and females of all ethnicities, aged between 18 and 65 y with a BMI of 18.5-35 kg/m 2 and free from any chronic medical condition (study characteristics are described in Supporting Information Table S2 ). Ethical approval was received from London Brent Ethics Committee (reference number: 12/LO/0139) and written informed consent was provided by all participants.
Participants attended the NIHR/Wellcome Trust Imperial Clinical Research Facility for three days over three consecutive weeks. During this time participants consumed a standardized breakfast at 8 am and their test meals at midday (12 pm) and evening (7 pm). All test meals were designed to provide similar intakes of dietary energy and fiber but macronutrient composition varied over the intervention weeks with carbohydrate decreasing from week 1 to week 3 and protein and fat intake increasing from week 1 to week 3. Fasting spot and postprandial urine and plasma samples were collected. The week 2 fasting spot urine samples were used in this analysis as the week 2 diet consisted of the recommended macronutrient distribution for a healthy diet (20%, 35% and 45% of total energy intake from protein, fat, and carbohydrate respectively). Furthermore, a number of unhealthy foods and beverages were also absent from the participant's diet (Supporting Information Table S3 ).
Urine analysis
Urine samples (500 µL) were prepared by the addition of 250 µL potassium phosphate buffer (0.2 M KH 2 PO 4 , 0.8 M K 2 HPO 4 ). After centrifugation at 5360 g for 5 min, 50 µL deuterium oxide and 10 µL sodium trimethyl [2,2,3,3-2H4] propionate (TSP) (0.005 g/mL) were added to 540 µL of the supernatant sample. 1 H NMR spectra were acquired on a 600-MHz Varian NMR spectrometer (Varian Limited, Oxford, United Kingdom) by using the first increment of a NOESY (Nuclear overhauser effect spectroscopy) pulse (sequence at 25°C). Spectra were acquired with 16384 data points and 128 scans. Water suppression was achieved during the relaxation delay (2.5 s) and the mixing time (100ms). All spectra were referenced to TSP at 0.0 ppm. 1 H NMR spectra were processed manually with Chenomx software (version 7.5;
Chenomx Edmonton, Canada) by using a line broadening of 0.2 Hz. and were phase and baseline corrected. Spectra were converted into 550 spectral regions of 0.01 ppm. Spectral regions from 0.505 ppm to 7.995 ppm inclusive were analyzed. The water region was excluded, and data were normalized to the total area of the spectral integral. Discriminating metabolites were identified by using libraries of pure metabolites in house and the Chenomx database library.
Biochemical analysis
Biochemistry values were assessed using a clinical bioanalyzer (RX Daytona; Randox Laboratories). Details of analytical methods for serum triglycerides, total cholesterol, HDL cholesterol, glucose, non-esterified fatty acids, C -reactive protein, insulin, creatinine, potassium, sodium, 25-hydroxyvitamin D and urinary sodium, potassium and creatinine have previously been reported [40] . Serum LDL cholesterol was calculated using the Friedewald equation [41] . Red cell folate which is reflective of longer term folate exposure and serum folate which is reflective of short term exposure were measured using a microbiological assay. Serum vitamin B-12 was also measured by microbiological assay and total plasma homocysteine (tHcy) was measured by fluorescence polarization immunoassay. Hemoglobin was measured using the Beckman Coulter AcT diff™ analyzer. Long term riboflavin status was determined by erythrocyte glutathione reductase activation coefficient (EGRac) functional assay using an autoanalyzer. A reverse-phase high performance liquid chromatograph (HPLC) method was used in the measurement of plasma pyridoxal-5'phosphate (PLP). All samples were run in duplicate and standard quality control procedures were followed on all analyzers to ensure data integrity.
Statistical Analysis
The NANS urinary metabolomic data was standardized by subtracting the variables minimum value from each value and dividing by the variables range as previously described [42, 43] . Two-step cluster analysis was employed (IBM SPSS version 20.0) on the NMR urine data to define the number of clusters using the Schwarz's Bayesian inference criterion (BIC). This analysis included age and gender variables in the data matrix. Multivariate statistical analysis was performed using Simca-P+ software (version 13.0; Umetrics). Prior to data analyses the NANS and NutriTech datasets were scaled using pareto scaling [44] . PCA and PLS-DA was applied to the NANS data set to explore any trends in the data. Orthogonal partial least squares analysis (OPLS-DA) which improves interpretation and separation between classes on a scores plot by filtering unwanted variation was also applied to this data set [45] .
Permutation testing, using 50 random permutations was used to confirm model validity. To identify the discriminating variables responsible for the class membership, the variable importance in the projection (VIP) value of each variable was calculated. A variable with a VIP close to or greater than 2 can be considered important in a given model [46] .
To investigate the robustness of the PLS-DA model, a training set and test set were constructed. Two-thirds of the NANS data (n = 378) were defined as the training set and the remaining NANS samples were defined as the test set (n = 189). The model's ability to correctly classify or predict the test set into its original classes was calculated.
Statistical analyses were performed using IBM SPSS (version 20.0). Data were assessed for normality and where appropriate non parametric tests or log transformation was used.
Independent t-tests were used to indicate whether a difference in metabolites was statistically significant between the clusters, P-values were corrected for multiple comparisons using a Bonferroni adjustment. Chi-square analysis was used to explore the distribution of males and females and supplement users between clusters.
Results
Identification of clusters using urinary metabolomic data from the NANS cohort
567 subjects were included in the study, 286 males and 281 females. Using two-step cluster analysis a total of two clusters were found in the NMR metabolomics data. Subject characteristics of both clusters are presented in Table 1 . Cluster 1 had a significantly higher mean BMI and age compared to cluster 2 (P = 0.043 and 1.5x10 -14 respectively). Cluster 1 also had a significantly lower energy intake compared to cluster 2 (P = 0.025). There was a significant difference in supplement users across the clusters (P = 0.001) with a higher proportion of supplement users in cluster 1. There was a small non-significant difference in gender distribution between the two clusters.
PCA was used for visualization of the predetermined clusters ( Figure 1A) . A robust PLS-DA model ( Figure 1B ) was obtained (R 2 X: 0.145, Q 2 : 0.578, Q 2 intercept for permutation testing 0.0, -0.13). To further examine differences in metabolomic profiles between the clusters, a VIP list was obtained from the PLS-DA model and a metabolite was assigned to each peak.
Cluster 1 had higher levels of hippurate, betaine, anserine, N-phenylacetylglutamine, 3hydroxybutyrate, citrate, tryptophan and 2-aminoadipate, cluster 2 had higher levels of creatinine, glycylproline, N-acetylglutamate and theophylline ( Table 2) .
Investigation of the robustness of the PLS-DA model demonstrated that a high percentage (Cluster 1: 91.9%, Cluster 2: 90.0%) of subjects from the test set were correctly predicted into the training set they were originally assigned to (Supporting Information Table S4 ).
Dietary intake, nutrient profiles and biochemical profiles are significantly different across the clusters
Analysis of dietary intake across the cluster groups revealed significant differences ( Table 3) .
Two distinct food intake patterns were identified; cluster 1 was characterized by significantly higher intakes of breakfast cereals and porridge, low fats and skimmed milks, potatoes, fruit, fish, fish dishes and fish products (P < 0.05). Cluster 2 had significantly higher intakes of chips and processed potatoes, meat products, savory snacks and high energy beverages (P < 0.05). Nutrient profiles, obtained from the dietary data, were also compared between the two clusters ( Table 4 ). Cluster 1 had significantly higher intakes of carbohydrates, protein, sugars and dietary fiber, and overall had a significantly more nutrient dense profile compared to cluster 2 (P < 0.05). Comparison of these patterns resulted in cluster 1 being defined the "healthy" cluster as it was characterized by a higher mean percentage energy intake of the more nutritionally favorable food groups. Cluster 2 was defined the "unhealthy" cluster as it was characterized by a higher mean percentage intake of the more energy dense and nutritionally undesirable food groups including meat products, savory snacks and high energy beverages.
Comparison of the biochemical profiles and biomarkers of nutrient status across the clusters revealed a number of significant differences that were reflective of the dietary cluster classification ( Table 5 ). Cluster 1 had significantly higher HDL cholesterol, serum folate and red cell folate (P < 0.05), while cluster 2 had significantly higher EGRac (P < 0.05). Urinary sodium and creatinine were also significantly higher in cluster 2.
Cluster validation using data from the NutriTech food intake study
The validity of the cluster model was investigated using urinary metabolomics data from an independent group, the NutriTech food intake study participants. These participants underwent an intervention in a controlled environment and received a diet consisting of the recommended macronutrient distribution for a healthy diet. Metabolomic data was available for 49 participants (22 males and 27 females). Using the model built from the NANS data, cluster membership of the NutriTech food intake participants was predicted. As these participants were following a healthy diet in a controlled environment we expected that they would be classified into the healthy dietary cluster. Importantly, the analysis revealed that 94% of the participants were correctly classified into the healthy cluster.
Discussion
The present study has advanced the classification of individuals into dietary patterns through the use of urinary metabolomic data. The classification was supported by significant differences between the patterns in nutrient intakes and biochemical profiles. Furthermore, application to an independent study demonstrated the utility of the approach for rapid classification of subjects into dietary patterns.
The novel aspect of this work is the development of a model, using urinary metabolomics data, which can be used to classify individuals into dietary patterns. This therefore eliminates the reliance on self-reporting dietary data which is inherently inaccurate [25, 47, 48] . This work is an important demonstration of the classification of individuals into dietary patterns using metabolomics data only. Previous literature linking dietary patterns to metabolomic profiles have used self-reported dietary data to identify dietary patterns and have examined only associations or relationships between the metabolomics data and dietary patterns [31, [49] [50] [51] [52] . Furthermore, the dietary patterns identified within this research were also corroborated by significant differences in nutrient status. The model was further validated using an independent cohort; the NutriTech food intake study.
Dietary patterns across the two clusters revealed significant differences in intakes of certain food groups and nutrient profiles. Cluster 1, characterized as a healthy dietary pattern and cluster 2 as an unhealthy dietary pattern correspond closely with previous dietary pattern analyses, where opposing dietary patterns, "prudent" (higher consumption of nutritionally favorable foods) and "western" (higher consumption of nutritionally unfavorable food) tend to emerge from population groups [53, 54] . In a sample of Irish adolescents five dietary clusters, including a healthy and unhealthy dietary pattern were identified [55] . A previous study analyzing a middle-aged Irish population identified three dietary clusters as follows;
traditional Irish diet (highest intakes of white bread, butter, whole milk, dairy products desserts and sweets), a prudent diet ( higher intakes of brown bread, unrefined cereals, fish, low fat dairy products, fruit, vegetables and poultry) and an unhealthy diet termed "alcohol and convenience food diet" (higher intakes of alcohol, meat, meat products and chips) [56] . A more recent study identified three dietary patterns, again revealing clusters characterized by traditional, prudent and unhealthy diets [31] . The dietary patterns in the present study correspond closely with those previously published with the traditional dietary patterns containing elements of both the healthy and unhealthy dietary pattern.
Biochemical profiles reflected and therefore supported the classification of the dietary clusters. Cluster 1 had significantly higher serum folate and red cell folate while cluster 2 had significantly higher EGRac concentrations. A higher EGRac result corresponded to the lower intake of low fat and skimmed milks, breakfast cereals, fruit, vegetables, fish and yoghurts.
The significantly higher serum folate and red cell folate in cluster 1 was reflective of the higher levels of the nutrient folate and corresponded to the higher intake of folate rich foods such as breakfast cereals, wholemeal and brown breads, vegetables and potatoes. A higher urinary sodium may be associated with a higher intake of processed meats in cluster 2, which contributes to 18% of mean sodium intake in the Irish population [35] and this may also be associated with the higher intake of chips and processed potatoes. Overall, the nutrient status data support the dietary patterns obtained using the metabolomics data.
Examination of the urinary markers that contributed to the determination of the dietary clusters revealed that many have been previously linked with dietary intakes. Hippurate, Nphenylacetylglutamine, betaine, 3-Hydroxybutyrate, and anserine were associated with certain dietary components that are present in the current healthy cluster. For example, hippurate and N-phenylacetylglutamine have previously been associated with the consumption of plant based foods, vegetarian diets and green and black tea [57] [58] [59] [60] , and betaine with intakes of citrus fruits and legumes [28, 61] . Elevated concentrations of 3-Hydroxybutyrate has previously been reported after the consumption of acidified milk products [62] and anserine has been reported in poultry, meats and oily fish [63] . The metabolites found at higher levels in cluster 2, glycylproline, theophylline and Nacetylglutamate (NAG) have previously been associated with foods found in the current unhealthy pattern. Theophylline, an alkaloid caffeine analogue, is naturally found in coffee, chocolate, tea and as an additive in soft drinks [64] [65] [66] and NAG has been identified in coffee, tea and soybeans with highest concentrations in cocoa powder [67] . Glycylproline is an end product of collagen metabolism and the addition of collagen to foods such as meat products is common practice due to its water binding properties [68] .
There are a number of strengths associated with the present study. Firstly the objective identification of dietary patterns using urinary metabolomics data and the use of biochemical profiles to support the cluster classification. Secondly, the model was successfully validated in an independent cohort therefore demonstrating the utility of this model for the rapid and objective assignment of subjects to a dietary pattern. This could further be developed for delivery of personalized nutrition, as previously described in relation to metabotypes, through the application of decision trees to derive dietary advice for the clusters identified [40] .
However, it must be noted that the dietary patterns identified in this analysis are pre-defined and therefore may introduce the disadvantages of the a-priori approach. Furthermore demonstration of this approach in other diverse study populations will be imperative for future progression of this concept. Moreover, the stability and reproducibility of these dietary patterns may need to be assessed in longer-term studies.
In conclusion, this study successfully classified subjects into two distinct dietary patterns using metabolomics data. Importantly, this classification was supported by dietary data, nutrient status and validation in an independent cohort. This represents a novel approach to assessment of dietary intake and furthermore, represents a significant advancement in the potential use of dietary markers.
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Figure 1 A Principal components analysis (PCA) and Figure 1 B Partial least squares (PLS-DA) of 1 H NMR urine data of clusters
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